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Abstract 12 
Due to a range of constraints, the availability of biodiversity-related information varies 13 
considerably over space, time, taxa and types of data, thus causing gaps in knowledge.  14 
Despite growing awareness of this issue among scientists, it is still poorly known how, and 15 
whether, scientific efforts have contributed towards overcoming these information gaps.  16 
Focusing on spatial gaps in global biodiversity data, we show that accumulation rates of 17 
non-bird species occurrence records stored in the Global Biodiversity Information Facility 18 
have not improved, and have even potentially declined, over the past three decades in 19 
data-poor, often biodiversity-rich, regions.  Meanwhile, one citizen science project, eBird, 20 
has been making a considerable contribution to the collection and sharing of bird records, 21 
even in data-poorest countries and is accelerating the accumulation of bird records globally.  22 
We discuss the potentials and limitations of citizen science projects for tackling gaps in 23 
biodiversity information, particularly from the perspective of biodiversity conservation. 24 
 25 
Information gaps in conservation 26 
With continually advancing research in the studies of ecology and conservation, we have 27 
accumulated considerable knowledge of species inhabiting this planet.  Nevertheless, the 28 
availability of scientific information is affected by a range of factors, such as socioeconomic 29 
status, history, culture, geography and scientific interests, and thus varies greatly over space, 30 
time, taxa and types of information, creating gaps in biodiversity information.  For example, 31 
the unequal distribution of biodiversity data across the globe, particularly the lack of 32 
information in biodiversity-rich regions, has repeatedly been reported since the 1980s 33 
(Western et al. 1989, Amano and Sutherland 2013, Pimm et al. 2014).  Similarly, the 34 
availability of scientific data greatly varies over time (e.g., Gardner et al. 2014); information 35 
gaps can also be found in the coverage of taxa and ecosystems.  In the assessment of species 36 
extinction risk by the International Union for Conservation of Nature (IUCN), only 0.6% of 37 
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10,425 bird species, but 46% of 1,084 cartilaginous fish species, are classified as Data 38 
Deficient (IUCN 2015).  Some biomes, such as tropical deciduous woodlands and deserts, 39 
are typically underrepresented in ecological studies (Martin et al. 2012), as are marine 40 
systems in the IUCN assessments (Webb and Mindel 2015).  Moreover, there are inevitable 41 
gaps in the types of available information.  Long-term, broad-scale, standardised monitoring 42 
data, which are useful for deriving robust scientific inferences, are not common (Isaac et al. 43 
2014), while less structured opportunistic data are now rapidly being accumulated thanks to 44 
the development of global databases, such as the Global Biodiversity Information Facility 45 
(GBIF: http://www.gbif.org). 46 
Overcoming these gaps in biodiversity information has proved a serious challenge for 47 
ecologists and conservationists, while the high context-dependency of ecology makes 48 
information gaps a critical issue in conservation.  Some global-level drivers are undoubtedly 49 
behind conservation problems regardless of species or space and thus should be tackled even 50 
without sufficient information (e.g., increasing food demand and climate change).  It is also 51 
true, however, that local ecological phenomena are often too diverse to be predicted by 52 
general ecological theories, which need to be refined for solving specific conservation 53 
problems (Lawton 1999).  Conservation practitioners usually require local- and species-level 54 
information (Braunisch et al. 2012) and inaccessibility to such relevant information can 55 
impede the use of scientific evidence in conservation (Walsh et al. 2014).  Even worse, those 56 
species and countries with less information are often the more threatened in terms of 57 
conservation status (Amano and Sutherland 2013, Bland et al. 2015).  Given this situation, 58 
conservation scientists have become increasingly aware of the importance of collecting and 59 
compiling scientific information that is specific to target species, locations and problems for 60 
conservation (Sutherland et al. 2004). 61 
It is, however, still poorly known how, and whether, scientific efforts have contributed 62 
towards overcoming these information gaps over the past few decades.  In this paper we 63 
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focus on spatial gaps in biodiversity information, as this is one of the most studied types of 64 
information gaps in ecology and conservation (e.g., Boakes et al. 2010, Collen et al. 2008).  65 
Using data stored in the GBIF, we first quantify the geographic accumulation of biodiversity 66 
data and test how, and whether, known spatial gaps have been bridged since the 1980s.  We 67 
further investigate the potential of citizen science, i.e., public involvement in research, in 68 
contributing towards overcoming these gaps.  Citizen science has been suggested as an 69 
effective approach to collecting fine-grain data over continental extents as well as decadal 70 
time scales (Dickinson et al. 2010).  In particular, the recent development of internet-based 71 
citizen science collecting opportunistic observation records has dramatically increased the 72 
efficiency of data collection (Sullivan et al. 2014).  Most citizen science projects, however, 73 
are launched in already data-rich regions, such as North America and Europe, and thus could 74 
exaggerate existing gaps.  Here we focus on one of the biggest citizen science projects 75 
collecting opportunistic observation records, eBird (Sullivan et al. 2014), as an example, and 76 
quantify its contribution to the accumulation of GBIF data. 77 
 78 
Data accumulation has accelerated in birds, but not other taxa 79 
The GBIF collects records on species occurrence across the globe, providing an important 80 
basis for studies in ecology and conservation (over 1400 peer-reviewed papers have been 81 
published using the GBIF data: http://www.gbif.org/mendeley).  Examples include studies 82 
on the impact of climate change on species globally (Warren et al. 2013) and assessments of 83 
invasive species risk (Faulkner et al. 2014).  Our earlier study indicated that the global 84 
distribution of GBIF records is similar to that of other global biodiversity databases (Amano 85 
and Sutherland 2013), thus the GBIF is a good representative for other databases.  While the 86 
GBIF obviously does not store all existing occurrence records it was used as one of the largest 87 
freely accessible biodiversity databases.  Though GBIF occurrence records originate from a 88 
variety of sources, including machine observation, specimen collection, fossil records and 89 
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literature records, human observation accounts for over half the existing records (for more 90 
detail see http://www.gbif.org/occurrence) and, in particular, over 90% of the records 91 
collected during the last decade (Gaiji et al. 2013).  We first collected the number of species 92 
occurrence records (from any sources) in each country in each year stored in the GBIF, using 93 
the occ_search function of rgbif package (Chamberlain et al. 2015) in R (R Core Team 2015) 94 
on 8th August 2015.  Here each “record” represents a record of a particular species occurring 95 
in a particular country in a particular year (see examples at 96 
http://www.gbif.org/occurrence/search).  Occurrence records were searched for birds (Class 97 
Aves) and other species separately. 98 
Since 1980, the rate of increase in the number of GBIF bird records has been highest in 99 
the two data-richest regions: the Nearctic and Western Palearctic biogeographic realms, with 100 
the rate exceeding 9% per year. This is followed by the Antarctic, Australasia, Neotropic and 101 
Afrotropic realms, with a rate exceeding 4.5% per year (Figure 1a).  The Eastern Palearctic, 102 
Oceania and Indo-Malay realms showed the slowest increase of below 3.0% per year.  The 103 
rate of increase in the number of GBIF non-bird records was generally lower, with less 104 
variation among realms, than that of bird records (Figure 1b).  Notably, the Nearctic realm 105 
showed an increase of only 1.8% per year, in contrast to 13.5% per year in bird records, while 106 
the Eastern Palearctic and Oceania realms showed a similar, or even higher, rate of increase in 107 
non-bird records compared to that in bird records (Figure 1b). 108 
The number of GBIF bird records collected in each decade has increased over the past 109 
three decades in most realms, with a few exceptions (Figure 2a).  As one example, the 110 
number of bird records collected in the Afrotropic and Antarctic realms peaked in the 1980s 111 
and 1990s, respectively (Figures 1a and 2a), mainly due to contributions from a large citizen 112 
science project covering six countries in Southern Africa (The Southern African Bird Atlas 113 
Project: Harrison et al. 1997) and two professional datasets in Antarctica, Seabirds of the 114 
Southern and South Indian Ocean 115 
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(http://www.gbif.org/dataset/82dd797a-f762-11e1-a439-00145eb45e9a) and ARGOS Satellite 116 
Tracking of animals (http://www.gbif.org/dataset/82e6a41e-f762-11e1-a439-00145eb45e9a), 117 
both published by the Australian Antarctic Data Centre.  In contrast, the number of GBIF 118 
non-bird records collected in each decade did not show a consistent increase in all but the 119 
Western Palearctic realms (Figure 2b).  Notably, the number of non-bird records collected in 120 
the two biodiversity-rich regions, the Afrotropic and Neotropic realms, declined dramatically 121 
in the last decade compared to the preceding two decades (Figure 2b).  Although 122 
stochasticity and the time lag between data collection and storage may partly explain the 123 
declines, these results suggest that scientific efforts to collect and share species occurrence 124 
data have at best not improved, and even potentially declined, in some data-poor regions 125 
despite spatial information gaps being recognised as a challenge since the 1980s (Western et 126 
al. 1989). 127 
We also tested the relationship between the number of GBIF bird records per km2 per 128 
species collected before (x) and during each decade (y) in each country (n = 228 countries), by 129 
fitting a power-law relationship (y = axb).  When the exponent b exceeds 1 it signifies that 130 
the rates of record increase (axb-1) are high in originally data-rich countries while an 131 
exponent smaller than 1 is a sign that the rates are higher in data-poor countries.  Although 132 
the estimated exponent did not significantly differ from 1 in the 1980s (estimate = 1.067, 95% 133 
confidence interval: 0.972 - 1.162), 1990s (1.081, 0.995 - 1.167), 2000s (0.963, 0.884 - 1.041) 134 
and 2010s (0.951, 0.878 - 1.024), the slopes for the 2000s and 2010s seem to be slightly 135 
shallower than those for the preceding two decades (Figure 3). This indicates a possibility that 136 
the rates of GBIF bird record accumulation have increased particularly in data-poor countries 137 
over the past 15 years. 138 
 139 
Contribution from a citizen science project, eBird 140 
eBird, launched in 2002, collects data on bird occurrence and abundance and makes the 141 
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collected data available through its own platform and other biodiversity initiatives, including 142 
the GBIF (Sullivan et al. 2014).  eBird might not necessarily be representative of average 143 
citizen science efforts, and of course many other citizen science projects have also submitted 144 
records to the GBIF, but it was used here to assess the contribution of one of the biggest 145 
existing citizen science projects.  The number of GBIF records submitted via eBird was also 146 
collected using the occ_search function in R. 147 
Over the past three decades, but most prominently during the last decade, eBird alone has 148 
accounted for a considerable portion of the increase in GBIF bird records, not only in the 149 
Nearctic realm, but also in the Neotropic, Indo-Malay, Eastern Palearctic and Oceania realms 150 
(shaded areas between solid and broken lines in Figure 1a and pale bars in Figure 2a).  The 151 
accumulation of GBIF bird records was remarkably slow in the four (the Neotropic, 152 
Indo-Malay, Eastern Palearctic and Oceania) realms when excluding eBird contributions; the 153 
rate of increase being 1.1% per year or lower (Figure 1a).  This does not mean that all 154 
records submitted via eBird would not have existed without eBird, as eBird, by providing 155 
birdwatchers with a way of keeping track of their observations and comparing their 156 
observations with others, incentivizes participants to share both new and existing data through 157 
its platform (Wood et al. 2011; as reflected in the fact that eBird has even submitted records 158 
for the 1980s and 1990s, before it was launched, Figures 1a and 2a).  Nevertheless, it is 159 
certainly true that eBird has substantially increased the amount of bird occurrence data that 160 
are readily available to anyone in the world. 161 
Although the increase in eBird records after 2010 and the number of GBIF bird records 162 
available in 2009 also showed a power-law relationship with an exponent of 1 (0.950, 0.869 – 163 
1.031), eBird records account for more than a half of all GBIF bird records recorded after 164 
2010 in 16 of the 20 data-poorest countries (highlighted in blue in Figure 4, see Table 1 for 165 
details).  These results highlight the potential of citizen science to aid data collection and 166 
sharing even in data-poor regions. 167 
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 168 
Potentials and limitations of citizen science in tackling information gaps 169 
This study derived two important findings: (i) the accumulation of GBIF bird records has 170 
accelerated dramatically over the past three decades, even in some data-poor regions, which is 171 
at least partly attributable to contributions from eBird, and (ii) the rate of increase in GBIF 172 
non-bird records is generally low compared to bird records, and is even slowing in some 173 
data-poor regions, such as the Afrotropic and Neotropic realms. 174 
For birds, the proportion of eBird-derived data in GBIF records was surprisingly high 175 
across the globe (Figure 4), which is likely to be attributable to contributions from both (i) the 176 
recent growth of local birding communities, notably in the Neotropic and Indo-Malay realms, 177 
but also in other regions, and (ii) birders in more economically-developed countries (e.g., the 178 
US) visiting other countries.  There are other similar programs that collect opportunistic 179 
observation records in different regions, and thus have the potential to further aid data 180 
collection and compilation globally.  In Europe, the Euro Bird Portal 181 
(http://www.eurobirdportal.org/ebp/en/) has been established to represent a European data 182 
repository based on aggregated data from 13 online bird recording portals from across Europe, 183 
collecting about 30 million bird records every year.  In Africa, the Second Southern African 184 
Bird Atlas Project is currently underway and has already collected about seven million 185 
occurrence records, by taking advantage of specifically-developed mobile apps 186 
(http://sabap2.adu.org.za/).  In Australia, the Eremaea Birds (http://www.eremaea.com/), 187 
which merged with eBird in 2014, has submitted about 2.7 million records to the GBIF 188 
(http://www.gbif.org/publisher/633f217c-c007-48dc-86ed-f8fdae6fd0d8).  WikiAves 189 
(http://en.wikiaves.com/) has also collected 1.5 million bird occurrence records (as photos 190 
submitted from users) in Brazil.  So, while this study was focused on eBird, the contribution 191 
of citizen science projects as a whole to the global accumulation of species occurrence data 192 
can be even higher.  To ensure increased accessibility, these data are also encouraged to be 193 
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shared through the GBIF. 194 
Given the slow rate of increase in non-bird records in most parts of the world, the question 195 
is whether citizen science projects are similarly effective in tackling spatial information gaps 196 
in other taxa.  Citizen science is generally biased towards vertebrates and terrestrial 197 
ecosystems (Theobald et al. 2015) and even within each taxon, towards particular species 198 
groups (e.g., easily observable species).  We need an assessment of the taxa and species that 199 
merit more attention and where data accumulation should be encouraged.  Newer citizen 200 
science projects may serve a similar function as eBird for other species in the near future.  201 
For example, iNaturalist (http://www.inaturalist.org/), whose contribution to the GBIF has 202 
been increasing exponentially, has already been used specifically for collecting occurrence 203 
records of amphibians (http://www.inaturalist.org/projects/global-amphibian-bioblitz) and 204 
freshwater fish (http://www.inaturalist.org/projects/global-freshwater-fish-bioblitz) globally.  205 
Some projects, such as iNaturalist and iSpot (http://www.ispotnature.org/), do not necessarily 206 
require each observer to have identification skills, as they “crowdsource” species 207 
identification, and thus have a potential to produce high volumes of data for diverse taxa 208 
(Pimm et al. 2014).  eBird has successfully incentivized participants by providing tools to 209 
keep track, view and compare their observations (Wood et al. 2011), which, if incorporated, 210 
may also encourage the collection of data on other taxa.  Indirect ways of observations, such 211 
as acoustic monitoring (Walters et al. 2012), camera traps (Ahumada et al. 2011), the use of 212 
environmental DNA (Thomsen and Willerslev 2015) and photos posted on social networking 213 
sites (Barve 2014), can also be powerful approaches for otherwise less detectable species.  214 
One serious challenge though is the lack of common, comprehensive taxonomy in most 215 
organisms other than a few charismatic groups, such as birds, mammals and some higher 216 
plants (Secretariat of the Convention on Biological Diversity 2007).  This reemphasises the 217 
importance of taxonomy and reviving it for biodiversity conservation (Pearson et al. 2011). 218 
It is also true, however, that many citizen science projects are opportunistic and not 219 
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specifically aimed at bridging spatial information gaps.  Even eBird has collected few 220 
records in some of the data-poorest countries (Table 1).  To tackle spatial information gaps 221 
more effectively, it is therefore crucial to better understand the causes of data scarcity in some 222 
regions.  Potential factors that have been suggested to cause spatial information gaps include 223 
wealth, insufficient expertise, infrastructure and communication, and inaccessibility due to 224 
geographical location and/or security level (Amano and Sutherland 2013, Collen et al. 2008, 225 
Martin et al. 2012).  The level of concern and attitudes for environmental issues (Franzen 226 
and Vogl 2013), while having attracted less attention, may be another important driver of 227 
ecological data collection.  These factors can also cause an unequal distribution of data even 228 
within data-rich countries (Isaac and Pocock 2015).  Understanding these barriers to the 229 
global collection and compilation of biodiversity data can help us overcome some of the 230 
barriers (see for example Extreme Citizen Science: https://www.ucl.ac.uk/excites), or at least 231 
incorporate knowledge of identified constraints as well as current data coverage in 232 
introducing spatial prioritisation to future efforts of data collection. 233 
Meanwhile, not all existing data are effectively shared at the global level.  One factor 234 
may simply be the lack of sufficient communication.  Given that both language and 235 
geographical locations of program hosts can represent barriers to global data compilation 236 
(Amano and Sutherland 2013), it should be effective to establish partnerships with local 237 
projects in data-poor regions (as eBird does), develop new projects using local languages and 238 
translate existing programs into different languages.  Such multi-lingualisation with 239 
user-friendly online platforms would also help gain access to historical data in data-poor 240 
regions.  The lack of an open access culture in some regions is another barrier to the global 241 
compilation of existing data (Hobern et al. 2013).  For example, large volumes of occurrence 242 
observations have been accumulated in Japan for a range of taxa since the 1970s, but many 243 
such data have not been shared on the GBIF yet, possibly due to several issues including the 244 
absence of a data-sharing culture (Osawa et al. 2014).  A priority in such a situation will be 245 
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to foster a culture of data sharing, for example, through public funding and other incentives, 246 
along with the proper recognition of its advantages. 247 
We also need to be aware of the limitations of citizen science data, notably the types and 248 
quality of currently available data.  For example, the collection of long-term abundance data 249 
in data-poor regions to date has largely been limited to birds (e.g., International Waterbird 250 
Census: 251 
http://www.wetlands.org/OurWork/Biodiversity/Monitoringwaterbirdpopulations/tabid/773/D252 
efault.aspx).  One clear challenge is to evaluate, whether through novel surveys or with 253 
modelling, changes in species abundance over space and time, which are a central focus in 254 
biodiversity conservation.  For information other than species occurrence and abundance, 255 
iNaturalist has already been used to collect data on species interactions (Poelen et al. 2014) 256 
and behaviour (Sheehan et al. 2015).  Assuring data quality in citizen science projects 257 
requires careful design of data input and management procedures (Sullivan et al. 2014), 258 
training of surveyors and standardization of methods (Mackechnie et al. 2011).  Recording 259 
associated information, such as sampling effort (Pimm et al. 2014), identification 260 
uncertainties, species absence (Sullivan et al. 2014), species interactions (Dickinson et al. 261 
2010) and environmental and social information (Crain et al. 2014), would also improve the 262 
usability of data and reliability of inferences derived.  To this end, the GBIF is starting to 263 
store “sample-based” data, which include information on the quantity of organisms and 264 
sampling efforts (http://www.gbif.org/page/82105). 265 
Finally, while conservation practices usually require local- and species-level information, 266 
the amount of effort and time that can be spared for data collection is inevitably limited.  We 267 
thus call for the need to conduct thorough discussions on which areas, taxa and data types 268 
should be prioritised for future efforts of data collection.  At the practical level, prioritising 269 
the collection of data that are truly needed for conservation requires feedback from data users.  270 
Global initiatives, such as the Intergovernmental Platform on Biodiversity and Ecosystem 271 
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Services (http://www.ipbes.net/), provide an ideal opportunity for this purpose, and could not 272 
just simply identify information gaps as a problem but could also actively engage in solving it, 273 
for example, by scanning the types of data required and encouraging projects—run both by 274 
citizens and professionals— that collect those priority data types.  It would also be effective 275 
to pursue how we can complement the lack of information with modelling approaches.  276 
Some attempts, such as testing model transferability over space (e.g., Randin et al. 2006) and 277 
informing the conservation of data-deficient species with predictive modelling (e.g., Bland et 278 
al. 2015), have already been made and should be encouraged further. 279 
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Table 1. Top 20 countries/territories (names based on the ISO 3166-1) with the fewest Global Biodiversity Information Facility (GBIF) bird 383 
records per km2 per species in 2009. Countries/territories where eBird records account for more than a half of the increase in GBIF records since 384 
2010 are shown in bold. Note that records taken in 2014 and 2015 were not included here. 385 
Country 
Biogeographic 
Realm 
Area (km2) Bird species richness 
Number of GBIF bird 
records recorded before 
2010 (km-2 species-1) 
Number of GBIF bird 
records recorded after 
2010 
Number of eBird records 
recorded after 2010 
(% of all GBIF records) 
Libya W Palearctic 1759540 330 239 (4.12 × 10-7) 1242 1241 (100%) 
Mali Afrotropic 1240192 618 1092 (1.42 × 10-6) 17 0 (0%) 
Chad Afrotropic 1284000 548 1052 (1.50 × 10-6) 145 144 (99%) 
Niger Afrotropic 1267000 502 961 (1.51 × 10-6) 32 16 (50%) 
Russia E Palearctic 17098242 1425 40908 (1.68 × 10-6) 9256 6767 (73%) 
Mauritania W Palearctic 1030700 529 921 (1.69 × 10-6) 967 90 (9%) 
Turkmenistan E Palearctic 488100 382 341 (1.83 × 10-6) 10 10 (100%) 
Tajikistan E Palearctic 143100 358 94 (1.83 × 10-6) 30 29 (97%) 
Burkina Faso Afrotropic 274200 477 391 (2.99 × 10-6) 189 110 (58%) 
Western Sahara W Palearctic 266000 195 195 (3.76 × 10-6) 2823 1 (0%) 
Belarus W Palearctic 207600 312 247 (3.81 × 10-6) 734 27 (4%) 
Sudan Afrotropic 1861484 961 7693 (4.30 × 10-6) 831 767 (92%) 
Kazakhstan E Palearctic 2724900 497 6363 (4.70 × 10-6) 4715 4707 (100%) 
Central African Republic Afrotropic 622984 725 2374 (5.26 × 10-6) 273 273 (100%) 
Algeria W Palearctic 2381741 384 5849 (6.40 × 10-6) 83 80 (96%) 
China E Palearctic 9596961 1273 79035 (6.47 × 10-6) 26653 25214 (95%) 
Yemen W Palearctic 527968 419 1516 (6.85 × 10-6) 32 31 (97%) 
Nigeria Afrotropic 923768 909 6595 (7.85 × 10-6) 4339 4241 (98%) 
Benin Afrotropic 112622 539 546 (8.99 × 10-6) 3073 2608 (85%) 
Uzbekistan E Palearctic 447400 365 1481 (9.07 × 10-6) 127 86 (68%) 
386 
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 387 
Figure 1. Changes in the cumulative number of occurrence records of (a) birds and (b) non-bird species in the Global Biodiversity Information 388 
Facility between 1979 and 2013. Solid lines indicate the total number of records by biogeographic realms. In (a), broken lines represent the 389 
number of records without contributions from eBird, with shaded areas showing the number of records submitted via eBird. Note that broken 390 
lines are almost invisible for the Western Palearctic and Antarctic realms, as the contribution of eBird there was small. The values next to the 391 
names of biogeographic realms represent the annual growth rate of the number of bird records with and without (in parentheses) eBird in (a) and 392 
the annual growth rate of the number of non-bird records in (b) over the past 34 years. Note that the y-axis is on a log-scale.393 
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 394 
Figure 2. The number of occurrence records of (a) birds and (b) non-bird species in the Global Biodiversity Information Facility, collected during 395 
each decade (in each biogeographic realm from the bottom, 1984-1993, 1994-2003, and 2004-2013). In (a) parts shown in pale colours indicate 396 
the number of records submitted via eBird.397 
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 398 
 399 
Figure 3. The relationship between the number of the Global Biodiversity Information Facility 400 
(GBIF) bird records per area per species at the beginning of each decade and increase in that 401 
decade by country (1980s: circles in blue, 1990s: squares in sky blue, 2000s: diamonds in 402 
orange, 2010s: triangles in pink). Regression lines are also shown (see main text for the 403 
estimated slopes). 404 
405 
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 406 
Figure 4. The proportion of eBird records in the increase in the Global Biodiversity 407 
Information Facility (GBIF) bird records between 2010 and 2013. Contribution from eBird is 408 
particularly high in countries shown in orange. Twenty countries with fewest GBIF records 409 
per km2 per species in 2009 outlined blue. 410 
 411 
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